Abstract
Introduction
It is generally acknowledged that market segmentation is crucial to the modeling process. Disaggregate mode choice models have a particularly vast literature in which the population is segmented in various ways. Examples of different market segmentation approaches in mode choice modeling can be found in Dehghani and Talvitie (1980) , Pas and Huber (1992) , and more recently Outwater et al. (2004) .
This article focuses on the independent variables commonly used in the mode choice modeling process and on the relevance of the variables used for market segmentation. In particular, we consider household variables such as income level and auto ownership. An example of the use of these variables for market segmentation in mode choice modeling can be found in Dehghani and Talvitie (1980) . The motivation for this article is that the number of cars in a household, usually used in travel forecasting methods, is in our opinion too general for market segmentation. A combination of number of cars per household and income level could yield a better indicator. However, data on household income is acknowledged in the literature as problematic to collect. In contrast, data on car characteristics is relatively easy to collect. This enables us to categorize each household according to an estimation of its investment in car mobility. The investment in car mobility is defined as the total market value of the cars in each household. In this article, we explore the possibilities of using this variable for market segmentation.
Determining which type of parameter is preferable for market segmentation can be examined from a practical or from a conceptual aspect. From a practical aspect, we suggest that the investment in mobility by car (IMC) parameter is preferable to income in its different forms, while from the conceptual point of view, it is at least as good as income. While we would have preferred to present a quantitative evaluation of the two parameters, we have to rely on secondhand databases (almost all transportation surveys conducted in Israel did not collect information about household income level), and thus limit our discussion to a qualitative evaluation.
Practical Considerations
In most household travel surveys, it is customary to obtain information about household income. However, we found evidence in the literature about surveys that neither collected nor used this information. For example, Badoe and Miller (1998) used data collected from the very extensive 1986 Transportation Tomor-row Survey (TTS) for the Greater Toronto Area (GTA). This survey, documented in detail in Data Management Group (1990) , included a telephone interview of 4 percent of all households in the area (about 67,000 households) and contained information on household variables, but not household income.
Most travel surveys conducted in Israel, including the National Travel Habits Survey (NTHS) of 1996/7 (Central Bureau of Statistics 1997), which also served as a database for this research, do not include questions about income level. In fact, very few household trip surveys conducted in Israel include data about the income level of respondents. Attempts to use the income variable in modeling estimation were not successful (Taskir 1995).
We believe that this absence of information is not an omission by neglect, but a result of the surveyors' awareness of the unreliability of answers given by respondents to questions involving income. Furthermore, some of the surveyors were concerned that respondents would consider questions about income an illegitimate invasion of privacy, and this would have a damaging effect on the reliability of their answers to the entire questionnaire.
In contrast to the lack of information about income and its inherent unreliability, available surveys in Israel include information about cars possessed by each household. This information enables us to estimate average household investment in mobility by car. Respondents do not have any particular reservations about providing information about the cars they use, simply because it is an obvious fact. The information about car characteristics is also collected in many household surveys found in the literature. For example, the 2001 U.S. NHTS (2004) included information about car make, model, and production year.
Conceptual Considerations
Income level is a physical factor that defines the envelope of the household possibilities to allocate its resources. Salomon and Ben-Akiva (1983) pointed out that "the concept of lifestyle is becoming a major differentiating trait between population groups, substituting for economic and social classes." We do accept the general definition of the lifestyle suggested by the authors, namely that "the lifestyle is defined as a pattern of behavior under constrained resources." The authors showed in their study that lifestyle groups account for taste variations better than other schemes. Badoe and Miller (1998) proposed a systematic approach to study variations in mode choice behavior. The methodology used was based on the Automatic Interaction Detector (AID) developed by Sonquist et al. (1971) , the merits of which were emphasized by Hensher (1976) . The authors found that the single most important variable for explaining differences in workers' mode choice behavior was the number of household vehicles. The authors classified this variable as "a socioeconomic factor." We are inclined to define it as a lifestyle variable, even though it is influenced by the socioeconomic status of the household. The number of cars is also an indicator of the household preferences for allocation of its resources between transportation and other uses.
We adopt the notion of lifestyle discussed by Salomon and Ben-Akiva (1983) as a preferable concept for selecting explanatory variables to market segmentation in travel demand modeling. However, we do expect that lifestyle variables that are directly related to transportation behavior, such as the number of vehicles and investment in mobility by car, would be more closely connected to the individual preference system than other lifestyle elements, such as household formation, participation in labor force, orientation toward leisure, and so on.
The assertion that the number of household vehicles is a lifestyle variable supports the claim by Salomon and Ben-Akiva (1983) mentioned above. In addition, the AID application proposed by Badoe and Miller for segmentation and classification is useful for a given set of variables. However, even the best classification system cannot identify and classify variables that are not defined as such. The number of cars in the household itself is not enough to identify lifestyle, as it does not distinguish between different levels of investment by the household in those cars. These levels of investment are believed to be highly correlated with the household preferences concerning choices of transportation alternatives. Therefore, we propose to use another lifestyle variable, complementary to the number of household vehicles, namely IMC.
Our hypothesis is that the behavior presented by the revealed action of IMC is significantly more closely related to population preferences concerning the use of alternative modes of transportation than income level alone. IMC is a behavioral phenomenon that demonstrates the outcome of the choices made by the household concerning its mobility.
The IMC variable could be formulated as a function of the following variables: income level, family size, age and gender composition, transit accessibility mea-sures, consumption patterns, working patterns, and a preference function concerning the allocation of household resources among household uses.
Most of the above variables are easily observable, and data can be obtained from current practice surveys. However, the preference function concerning allocation of household resources cannot be obtained directly from existing surveys. Surveys generally provide information about the number cars in the household; however, data relating the decision to purchase a car at a given price and at a certain time is not collected. Therefore, at this stage, we limit the investigation to existing data sources, and propose a simple methodology to infer the IMC, presented in the next section.
Methodology

Data Preparation
The database used for model estimation is a subsample from the NTHS, carried out by the Israeli Central Bureau of Statistics in 1996-1997 on behalf of the Ministry of Transport. We confined this study to the Tel Aviv Metropolitan Area (about 1.7 million inhabitants in 1996), since we could reasonably attach a reliable level of service data only for this region.
The survey is a typical revealed preferences (RP) study. About 1 percent of the households were surveyed (5,917 households in the Tel Aviv area). Each person over the age of 14 kept a three-day diary. A total of 29,506 observations, corresponding to trips departing from home, were selected for the analysis. We purposely avoided chained trips, since for more than 95 percent of these cases the chosen mode was identical to the mode used in the trip departing from home.
Travel times for car and transit modes were imported from Emme/2 networks used for modeling a light rail transit project in the Tel Aviv Metropolitan area (Perlstein-Galit Company Ltd. 2001).
The survey collected additional information about the cars in the household. According to information in the questionnaire about the year of production and engine size, we calculated average market values for each car in the household. Table 1 presents average car values (December 1996 prices) according to the price booklet used for car insurance companies (Levi-Itzhak 1996) . 
Model Estimation
This article focuses on the methodological aspects of the population segmentation, rather than model structure and calibration. For this reason, we used the multinomial logit model with the same utility function for all models tested in this study. In this way, we kept the modeling estimation procedure constant throughout, and concentrated on different segments of the population. In addition, the same independent variables were used in all models.
The models were estimated according to two segmentation levels. First, the observations were separated according to car ownership and driver's license. Three models were estimated at this level:
• Model A: The first model was estimated with all the available households (29,506 observations).
• Model B: The second model was estimated for persons with a driver's license and living in households with at least one car (18,975 observations).
• Model C: The third model was estimated for the remaining observations (i.e., persons without a driver's license or living in households without a car; 10,531 observations).
The next segmentation level was formed by further dividing the 18,975 observations related to households with car and persons with a driver's license according to IMC. Three additional models were estimated:
• Model D: IMC up to 10,000 NIS (low investment; 3,094 observations);
• Model E: IMC between 10,000 and 60,000 NIS (middle range; 8,276 observations); and
• Model F: IMC higher than 60,000 NIS (high investment; 7,605 observations).
The thresholds for low, middle, and high IMC used in these models were defined by looking at the IMC distribution in the household sample, as shown in Figure 1 . Since 1,834 (31%) of households in the sample do not possess a car, the IMC for these cases is 0. At the value of 10,000 NIS there is a sharp difference in the slope of the cumulative frequency, and for this reason this value was used as a reference for low IMC. There are similar differences around 30,000 and 60,000 NIS, but the 30,000 mark did not yield significant model estimation results. Figure 2 shows the household segmentation for the different models estimated. Since in this study we focus on the influence of IMC variable on mode choice, it is important to verify that transit service is available in all segments. For example, it may be possible that households with high IMC will be located in areas with poor transit service. At least for the data used in this analysis, no significant differences were found in the distribution of the main explanatory variables in each of the IMC groups. Table 2 shows the main statistics (mean and coefficient of variation) for each IMC group.
Apart from the IMC mean value, which is obviously different in each class, all other variables exhibit very similar mean and coefficient of variation values.
Results Table 3 shows the results obtained from the initial segmentation procedure. The table contains the estimated coefficients and t-values for the first three models described. In addition, overall fit parameters and common level of service ratios are presented, such as values of time (VOT) and ratio between out-of-vehicle and in-vehicle transit times. The third model is related to observations without car available, and for this reason the IMC variable in these cases is not relevant for model estimation (since it is equal to 0).
Both IMC and a dummy variable that indicates households with two or more cars are quite significant in the first two models. Although the high t-values originate from the large sample size, we may infer that the IMC variable is not just a replacement for the auto ownership variable. Recall that the total number of observations in the three models of Table 4 sum up to the observations for households with car and persons with driver's license, as in the second model of Table 3 . The car driver's market share in these cases is quite high, as expected, ranging from 71 percent in the lower third of the IMC to 82 percent in the higher third.
For the two extreme IMC ranges (low or high) the independent variable associated with IMC is not significant. However, in the middle range, the IMC variable is significant, perhaps indicating that at this range the influence of IMC is most pronounced. The following analysis is based on the values of time and bus penalties calculated for each of the models. VOT is computed respectively for each mode as the ratio between the in-vehicle time coefficient and the cost coefficient, and the bus penalties are computed by dividing the different out-of-vehicle time coefficients by the in-vehicle bus time coefficient. Table 5 presents the results. As expected, car driver VOT is higher in all models than car passenger and bus VOT, with exception of model F, where VOT for car passenger is highest. The comparison across the models shows a general pattern; that is when car VOT increases (both for drivers and passengers), bus VOT decreases. Note also the low VOT for the segment without car (Model C). The last three models, corresponding to the segmentation according to IMC, exhibit a systematic pattern: VOT for car driver and car passenger increases with increasing VOT, and VOT for bus passenger decreases with increasing VOT.
The comparison of the bus penalties shows less consistent results. We expected significantly higher penalties for higher income populations. Since the walk time coefficients in all models segmented by IMC are not significant at the 90 percent level, it is not possible to draw conclusions for the walk time penalty. The wait time penalty can be compared, and the results show that this value is quite high for high IMC (model F), which is consistent with the high VOT found for this segment.
The transfer penalty was found quite similar for each of the models. We also found in the literature similar values for the transfer penalty. Lin et al. (1997) estimated an intermodal transfer penalty of 15 minutes for New York and New Jersey commute corridors, using RP and SP data for car and transit riders. In a study for work trips in Boston (Central Transportation Planning Staff 1997), the transfer penalty ranges from 12 to 15 minutes of in-vehicle time for urban mode choice modeling. In Israel, the planning agencies are also currently using 12 to 15 minutes of invehicle time in transit mode choice and assignment model implementations.
Summary and Conclusions
IMC as an independent variable in the logit model for estimation of the population choice parameters for modal split modeling was proposed in this article as a possible replacement to the income variable for both practical reasons and qualitative conceptual reasons. The ultimate test to verify the most suitable variable is a database that contains both IMC and income; the latter variable was not available in our database.
In the tests presented in this study, we found that segmentation of the population in three categories of IMC yielded significantly different models of the preference systems for the three populations. These findings suggest that the IMC is a viable variable for market segmentation.
The IMC parameter has limitations that need to be acknowledged. First, even if people tend to maintain certain standards of car ownership, they usually keep their cars for two to three years, sometimes even for four years or more. Automobile market value in Israel drops 8 to 20 percent per year (typically 15% per year). Thus, a typical household may be very easily classified 20 to 30 percent above or below the average IMC of the household; that is, the typical household might be classified at a lower or higher category of IMC than to which it actually belongs.
This limitation is inherent to the IMC variable and the proper way to deal with it, using the present data conditions, is to have the segments broad enough to allow the marginal crossover from one IMC category to another.
A more rigorous solution to this problem would be to estimate the average reference year for car possession in the household. This can be done in subsequent surveys by asking respondents how many years they kept their previous car, how many years they have had the present car, and how many years they intend to keep it. Such a procedure would enable the researcher to get a more reliable estimate about the true IMC of the household, and would thus allow for a more refined segmentation of the population.
The second problem with the IMC variable is related to the way the variable was calculated. The available database provided two types of information: car production year and vehicle engine size. This relatively limited information forced us to compute for each combination of these variables an average value for all vehicles belonging to the same category. However, there is a wide variation in the market value of different cars with the same production year and engine size. For example, for production year 1992 and engine size group of 1600 to 1800 cc, the weighted average of the market value for cars in this group in Israel was estimated at 49,200 NIS in 1996 prices (about U.S. $15,166). However, prices ranged from as low as 33,000 NIS to 80,000 NIS for the same combination of year and engine size.
This problem can be easily solved by adding a simple question in the survey about car make. This information is quite easy to obtain, since most drivers know the make of their car. For example, the 2001 U.S. NHTS (2004) included information about car make, which could be employed in the procedure suggested here.
Finally, the IMC parameter appears to have a rather wide variance when it is derived from questionnaires that have not been designed to minimize this variance. The variance can be minimized to make the IMC a much sharper tool for segmentation purposes.
Reduction of the variance as a result of the market cost of different car makes can be achieved very easily by adding a simple question. However, reduction of the variance due to the tendency of car owners to keep a car more than one year and the difference between car owners as regards the period of car possession calls for a more detailed inquiry. As already pointed out, it would be reasonable to add questions about how many years drivers kept previous cars, how long the present cars were in their possession, and how long they intended to keep these cars until the next car acquisition.
